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Figure 1: An AI agent’s avatar can signal its understanding of the user’s prompt by swivelling its orientation, as well as by

creating spatial cues at the targets of the prompt. Here, the user asks to move a shelf. As she verbalizes the instruction, the

avatar turns to look at the shelf to be moved, and then to the target location. Spatial cues can also highlight the shelf and where

it would be moved to (B and C). We show these behaviors improve user satisfaction and help error prevention.
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Abstract

Current voice agents wait for a user to complete their verbal instruc-
tion before responding; yet, this is misaligned with how humans
engage in everyday conversational interaction, where interlocutors
use multimodal signaling (e.g. nodding, grunting, or looking at re-
ferred to objects) to ensure conversational grounding. We designed
an embodied VR agent that exhibits multimodal signaling behaviors
in response to situated prompts, by turning its head, or by visually
highlighting objects being discussed or referred to. We explore how
people prompt this agent to design and manipulate the objects in
a VR scene. Through a Wizard of Oz study, we found that partici-
pants interacting with an agent that indicated its understanding of
spatial and action references were able to prevent errors 30% of the
time, and were more satisfied and confident in the agent’s abilities.
These findings underscore the importance of designing multimodal
signaling communication techniques for future embodied agents.
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1 Introduction

Intelligent voice agents, currently found in devices like phones
and smart assistants, primarily rely on voice commands to execute
tasks [63]. Yet, interactions with these agents are often limited to
rigid, turn-based exchanges, where users issue voice commands,
and agents respond verbally [37]. This can make the interaction
feel overly formal and disconnected from the physical world.

However, communication in human interactions extends beyond
verbal exchanges [17]. People often employ non-verbal cues while
others are speaking—such as eye contact [57, 60], gestures [42],
and subtle acknowledgments [17]—which help both speaker and
listener to ensure they have a shared, mutual understanding of
the conversation topic. These multimodal signals support local
grounding, a form of common ground that refers to the shared
understanding of the immediate physical context [16], such as the
presence of specific objects and the spatial relationships between
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them. Local grounding is crucial in interactions involving the phys-
ical environment, where non-verbal cues—like a glance toward an
object or a nod of acknowledgment—help participants confirm that
they are aligned in their understanding of what is being referenced
or acted upon [28].

Embodied agents can leverage a combination of communication
modalities for signaling, including gaze, gestures, and spatial over-
lays through projection. Previous research with both screen-based
virtual agents (e.g. [14, 15]) well as with social robotics have high-
lighted how gaze can function as a social mechanism to convey
interest and understanding[45, 46] and how gestures or visual in-
dicators can complement verbal communication [20, 31]. Building
on these insights, this work explores the design of local ground-
ing behaviors for embodied agents that respond through multi-
modal signals. Since such voice prompts are often situated—that
is, referring to objects and actions within the immediate physical
environment—it may be valuable for agents to possess a visible
embodiment, which helps users ensure their instructions are under-
stood properly. As illustrated in Figure 1, rather than verbal turns,
our agents provide multimodal feedback visually, responding with
subtle actions such as turning their heads to indicate attention, and
visually highlighting parts of the environment to signal comprehen-
sion. These embodied behaviors, alongside visual presence, mimic
aspects of human communication, allowing users to feel that the
agent is engaged, present, and understanding their instructions
as they speak, reinforcing a shared understanding of the task in
progress.

We explore these concepts within a relatively new task context
where users are given the ability to prompt a system to change a
VR environment. Recent efforts (e.g. [3, 18, 71]) have demonstrated
how systems can be designed to leverage large language models
to create and modify objects, scenery and behaviour of objects in
these environments. Manesh et al. [3] show that people’s in situ
prompts are fundamentally situated to objects in the environment,
where they make reference to specific objects via gesturing and
gaze. The characteristics of this task context make it suitable for
our explorations into embodiment and multimodal behaviours of
agents.

We conducted a Wizard of Oz study to investigate how users
interact with an agent that provides non-verbal feedback while they
issue verbal instructions. Participants instructed the agent to design
and move objects within a VR scene, while the agent responded
through multimodal behaviours and by acting on the instructions.
Importantly, our agents would make mistakes 30% of the time with
their multimodal signaling, and subsequent actions. We expected
that the multimodal signaling cues could prevent errors, and that
they provided insight into the agent’s “thought process,” which
would thereby affect how people would repair the interaction. Our
results show that with certain types of multimodal signaling cues,
participants were able to prevent errors 34% of the time. We also
found that when people needed to repair the interaction with the
agent, they would make use of the information from the multi-
modal signal. Across different variations of the agent’s behavior,
we found that visible grounding cues, including head movements
and environmental changes, were highly valued: participants ex-
pressed more confidence in the agent’s understanding when visible
grounding cues were present, even when errors occurred.
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Our findings suggest that local grounding, enabled by non-verbal
communicative multimodal behaviors such as head orientation
and visual spatial cues, plays a useful social and functional role in
shaping user interactions with embodied agents. This highlights
the need to design agents that respond with more than just speech,
integrating physical and visual acknowledgments to build a sense
of shared understanding in real-time interactions.

We make two contributions in this work:
• First, we demonstrate the positive impact of local grounding
behaviours in human-agent interaction;

• Second, we illustrate how these behaviors can be effectively
designed for agents that interact through both head move-
ments and environmental cues.

2 Background

2.1 Common Ground, Multimodal Signaling &

Joint Attention

Effective communication requires a cooperative effort in which all
parties work to both understand and be understood [1]. However,
in order for this collaboration to work, there needs to be a baseline
understanding between people. Common ground refers to the mu-
tual knowledge, beliefs, and assumptions that are shared between
participants of a conversation that enable effective communication
[17]. This shared knowledge can take on a range of forms such as
the culture in which the conversation is taking place, the cultural
backgrounds of the participants, the personal histories between
participants, a shared specialized set of knowledge, or informa-
tion that is local to the conversation itself[16]. Each conversation
participant maintains their assumptions of what knowledge is a
part of the conversation’s common ground. This common ground
helps conversation partners to anticipate what the others might
be thinking and therefore helps a conversation partner to craft
their communications. However, these assumptions are not always
correct, so effective communication requires the participants to
actively establish, coordinate, and maintain what they believe to
be common ground for the conversation in a process referred to as
grounding [17].

While some of the strategies that interlocutors use to establish
common ground happens in verbal conversation, much of ground-
ing occurs in multimodal signals such as non-lexical utterances
like an mm-hm or gestures like nodding [16]. These signals help
listeners to provide feedback to an active speaker without taking
their own conversational turn. A simple head nod from a listener
may indicate that they understand whereas a confused vocalization
may indicate that the listener needs further explanation [27]. This
background feedback can help let an active speaker identify when
communication has broken down and needs to be addressed. In
particular, this helps the speaker initiate repair of their communi-
cation without break their conversation turn [10]. Among these
communication tools, one of the earliest that we develop is joint
attention. Joint attention is the use of gaze and gesture to share
attention to a referent object between conversation partners [44].
For infants, joint attention is the first way they begin to under-
stand the perspectives of others and share their perspectives and
serves as a stepping stone to their development of language [43].
Even later in life, gaze [57] and referential gestures [28] serves an

important role of how we make sense of our conversation part-
ner’s perspective and express our own. In this work, we explore
how non-human agents may utilize the tools of multimodal signals
(as manifest by joint attention) as grounding behaviours to better
support understanding in human-agent interactions.

2.2 Multimodal Signals from Virtual and

Physical Agents

Given the importance of multimodal signaling for effective commu-
nication, prior work has explored a variety of ways to convey such
signals in avatar-mediated (including robots and virtual avatars)
interactions. Among these, social gaze has been identified as an
effective mechanism for improving communication quality through
grounding and other mechanisms. For instance, Mutlu et al. [45]
investigated the influence of a robot’s gaze frequency on human-
robot interactions, demonstrating that higher gaze frequency im-
proved both participants’ recall performance and their perception
of the robot. In another work, they explored how robots could em-
ploy gaze cues to define and signal conversational roles, finding
that participants’ behaviors corresponded closely with the roles
communicated through these gaze patterns[46]. Andrist et al. [5]
introduced bidirectional gaze coordination for virtual characters, in-
corporating both the detection and production of gaze cues to foster
more effective collaboration with human users during task-oriented
interactions. Junko et al. [29] found that visualizing avatars’ gaze
targets, especially targets of joint gaze, facilitated the initiation of
informal conversations in social VR.

We expand on these works to focus on gaze not only as social
mechanism, but a tool in which agents may utilized to help support
communication of understanding.

Another key mechanism is the use of gestures, which serves as
an effective complement to verbal communication. For instance,
Cassell et al. [13] and Kim et al. [31] designed virtual agents that
simulate human-like interactions by integrating gestures signal
changes in emotion and engagement. Narayana et al. [47] showed
that an embodied agent can use gestures alone (including social,
deictic, and iconic) to build enough common ground and accomplish
collaborative construction tasks with human partners. In the realm
of physical task support, GestureMan [32] was developed as a robot
designed to improve remote instruction. This robot allows a remote
instructor to control its gestures, providing clearer instructions
and grounding information to supplement verbal communication.
Furthermore, Rabinowitch et al. [58] investigated the impact of
various gesture types, styles, and orientations on the effectiveness of
collaboration between humanoid robots and humans, highlighting
the nuanced ways in which gesture design influences interaction
outcomes. Expanding on this body of work, we investigate how
gaze and non-verbal gestures can help support grounding when
the agent is acting as a listener and in particular, and investigate
how these interactions can help a human to understand the state
of the agent.

Previous research [41, 50, 51, 67, 69] has explored the role of
multimodal signals in grounding within conversation. For instance,
Marsi et al. [41] investigated the use of a talking head to visu-
ally express uncertainty through facial expressions, aiming to help
users assess the reliability of information provided by the agent.
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This approach contributes to more stable dialogue grounding by
enabling users to gauge the agent’s confidence. Pejsa et al. [50]
proposed an uncertainty modeling framework that allows agents to
express emotions such as bewilderment, confusion, and understand-
ing through a combination of facial expressions and eye gaze. By
coordinating verbal and nonverbal behaviors, this approach facili-
tates natural grounding in human-agent conversations. Perlmutter
et al. [51] developed the LUCIT system, which integrates multi-
modal signals—including speech, pointing, and gaze—to improve
grounding in human-robot interactions. By enabling the robot to
use arm gestures to point at objects and confirm user intent, LUCIT
enhances communication accuracy and reduces misunderstandings.
Building on these findings, our study extends the exploration of
multimodal signaling in grounding by focusing on how embodied
agents in virtual contexts leverage gaze and spatial cues to establish
a shared understanding in real-time interactions.

2.3 Embodiment

Conversational interface research has found that embodiment, of-
ten in the forms of virtual or physical 3D avatars and robots, can
facilitate communication between conversational systems and hu-
mans [9, 13]. Having a body enables agents to make use of non-
verbal multimodal signaling cues, including gestures, gaze, and
other body movements, to establish common grounds and joint at-
tention as discussed above. In addition to their functional values in
promoting effective information exchange, embodiment enhances
the social connection between agents and humans [7, 30, 33, 39].
Power et al. [52] found that robots were seen as more engaging,
helpful, and lifelike in health consultation than agents displayed
on flat screens. In a similar vein, Lee et al. [34] showed that people
had a more positive perception of a robot dog as a companion than
the same dog shown on a screen, and considered their interactions
with the robot dog as of higher quality. An embodied presence
could also foster trust between local and remote collaborators in
remote collaboration. For example, in the study of Rae et al. [54],
participants placed more trust on remote collaborators who joined
through a telepresence robot than those who were displayed on a
tablet.

In this work, we explored the multimodal signaling capability of
a VR robotic embodiment for AI agents. Following prior work [6],
our VR robotic embodiment used gaze direction to signal acknowl-
edgement and joint attention. At the same time, by using this design,
we aimed to study whether the presence of a robotic embodiment
affects people’s perception of the AI agent as a social actor.

2.4 Communicating Intelligent System States

with Spatial Visualization

Research in human-robot teaming has recognized the value of sup-
porting humans’ situation awareness, a person’s understanding of
what is happening in the current situation [21], in enabling effective
coordination between humans and robots. Spatial visualizations,
often in the form of augmented reality (AR), provide in-context
knowledge about how an intelligent system, such as a robot or a
suite of smart home devices, are currently operating and plan to act.
Robots can make their hidden internal states, such as battery levels
and components status, visible to human teammates through visual

overlays [38, 55, 56, 70]. In-situ visualizations can also show spatial
constraints, including safety zones around robots [38] and detected
obstacles [55]. Critical to coordination, spatial visualizations can
communicate robots’ intended actions so that human teammates
can plan ahead and respond accordingly. Movement direction and
path overlays could help people sharing the same space navigate
safely around the robot [68], or choose actions that improve team
efficiency [66]. AR visualizations can also show robots’ intended
manipulation targets [4] and trajectories [59] to better prepare
human teammates for monitoring robot progress and performing
complementary actions.

In our work, we use spatial visualizations to signal not only in-
tended actions but also immediate understanding of instructions. In
particular, we were interested in whether this immediate feedback
could enable timely detection and correction of agent errors, in ad-
dition to the more general goal of supporting human understanding
of agent intentions.

3 Design

This work focuses on the visual and interaction design of an em-
bodied agent that supports situated prompting for a VR scene. To
motivate our interaction design approach, we first define the task
context, describing recent related work in the space. We then out-
line a set of design goals for agent multimodal signaling behaviour
motivated from prior work and our own explorations. Finally, we
illustrate how our final design used in the user study manifest these
design goals.

3.1 Task Context: Embodied Prompting & Agent

Role

The work we report on here is situated within a broader project
where we are interested in “situated programming,” where people
can program the environment that they simultaneously inhabit.
Examples of this include future visions of human-robot interac-
tion, or enhanced versions of smart-home interaction. We explore
this concept through scene/environment manipulation in a virtual
reality space. Here, people can, using voice and bodily gestures,
manipulate the contents of the scene, the placement and orienta-
tion of objects, and modify functionality of objects. For example, as
illustrated in Figure 1, a person can change the position of object
through a multi-modal prompt involving voice, gaze and gesture.
The agent functions as a sort of programming agent, where it in-
terprets the person’s prompt, and translates this into functional
results in the scene.

Researchers design tools to create and design VR environments
and experiences with agents through prompts (e.g. [3, 18, 71]). De
La Torre et al. [18] show how models can be prompted to create
these experiences. Like us, Manesh et al. [3] focus on embodied
prompting, where users can engage in this design creation while sit-
uated within the VR environment itself. Zhang et al. [71] explore a
wider space of co-creation approaches, where the agent can provide
generative suggestions through visual wireframing. In these works,
while the agents nominally respond to verbal input, the interaction
is far from conversational—not only in that the agents do not re-
spond verbally, but also in how turn-taking is expressed. In each of
these, a user’s verbal expressions are parsed by a language model,
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and then transformed into a set of programming expressions for the
system to enact. In this sense, these systems are effectively voice-
driven, instruction-oriented systems that allow for a broader range
of inputs due to the use of a large language model. One challenge
with this approach is that errors in the system’s interpretation of
the prompt can be corrected only after the system takes an action.

Our work departs from this prior work in two important ways:
first, we embody the agent in the VR scene itself (so that users can
see some visual representation of the agent); second, we imbue
the agent with the ability to provide multimodal feedback to the
user about how it interpreted the user’s prompt. Based on com-
mon ground theory, this multimodal signaling to the user should
perform two functions: first, it should give users confidence that
the agent understood the user’s instructions, and second, in the
case of the agent misinterpreting the prompt, the user now has the
opportunity to prevent the agent from making an error altogether.
In our approach, we model an embodied agent that understands
what the user is saying—for instance, as they refer to particular
objects or locations—and expresses this understanding back to the
user as the user prompts in real-time.

3.2 Design Goals for Agent Behaviour

Based on this prior work, we articulate three design goals for our
embodied agent:

• DG1. Companion rather than system. Our goal here was to
help users distinguish between the “agent” and the “system.”
That is, the agent should feel like a fellow collaborator that
can enact changes in the system (i.e. the VR scene), and that
the agent is independent of the VR scene system itself.

• DG2. Multimodal signaling as user moves and speaks. The
agent should convey its understanding of the user’s move-
ments and prompts visually.

• DG3. The agent should convey its state. The agent should
convey its state to the user—i.e. whether it is listening, or
processing the user’s inputs.

3.3 Agent Embodiment, Multimodal Signaling

and Interaction Design

Avatar Companion. (DG1) In our design, we chose a floating red
spherical avatar. The avatar floats at about eye-level of the user
(1.5m above the floor), moves about the room, and reorients its
head. Its behavioural design mimics that of a companion pet. The
avatar follows the user, and stays within 0.5m-2m away (i.e. flying
around as necessary), and within 30◦ of the forward vector of the
user. The avatar will also face the user if the user is looking directly
at the avatar. And, if the user is looking at a specific object in the
scene, the avatar will also turn to look at the object. In both cases,
“looking” is determined by the central “look vector” of the user.

The avatar is relatively small so that it does not obscure the
scene. The avatar can move at a rate of 2m/s, and rotates at a rate
of 1800◦/s. Finally, we modeled a “processing” time for the agent,
where it takes time for the agent to enact the actions that the user
specifies. This was set to 4s, which was a typical lower bound from
the resolver function of related work [3].

Multimodal Signaling Understanding. (DG2) As illustrated
in Figure 2, we designed two methods for the agent to convey its

Figure 2: The agent expresses its understanding throughmul-

timodal signaling. (A1&A2) The agent can do this by turning

its head to look at targets that are referred to by the user.

(B1&B2) And by creating throbbing discs under objects or

targets that are being discussed.

understanding of the user’s prompt. This expression was a way
for the user to feel that they shared local common ground with
the agent—in terms of how the agent understood user’s prompt in
relation to the environment and objects in it.
On-Avatar Multimodal Signaling Once it is clear to the agent

what the user is referring to, the avatar cycles through look-
ing at the objects/destinations in the scene and the user in
turn. For instance, if the user were to say, “Put this object
here,” (as in Figure 1), the agent would cycle between look-
ing at the object, the destination target, and the user. This
is modeled after how we understand people use head orien-
tation to interpret and understand collaborators’ intentions
(e.g. [22, 24, 25] ).

Spatial Cues We also designed a second mechanism to express
this understanding, where the agent creates circular discs un-
derneath objects or destinations that are being referred to by
the user’s prompt. These circular discs turn and throb (grow
and shrink in size) for visibility. This is modeled around how
mixed reality interfaces and games indicate targets for the
user and player to attend to [19].

Figure 3: Behaviors and states of the agent avatar. In the Lis-

tening state, a red microphone icon signals that it is listening

to users’ verbal instructions. In the Processing&Expressing

state, it shows a spinning icon and swivels its orientation to

express its understanding of the objects and locations users

have indicated.

Conveying Internal State. (DG3) The agent has four internal
states, where it is "idle" and only following the user, "listening"
to the user’s prompt, "expressing" to the user what it understood
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of the user’s prompt, and "processing", where it is translating the
user’s prompt into instructions for the system. As illustrated in
Figure 3, the listening state is denoted by a microphone icon above
the avatar. "Processing&Expressing" is denoted by a spinning icon
and the actual multimodal signaling behaviors (head turn and the
throbbing discs). The idle state is denoted by the absence of an icon.

When the user wants the agent to "listen" them, they press and
hold the left trigger of a handheld controller.

3.4 Implementation for Study

We implemented the avatar behaviour via a Wizard of Oz method,
wherein the avatar’s state was triggered by an experimenter. Fig-
ure 4 illustrates a flowchart of the interaction as used by the Wizard
(since they were the ones implementing the behavioural design).

In a normal case, the agent begins in the idle state. When the
user is done prompting the agent (i.e. they have identified all targets
for that step), the agent moves to the expressing (i.e. multimodal
signaling to the user about its understanding of the user’s prompt)
& processing state. After four seconds of processing, changes are
made to the scene (nominally because of the agent), and the agent
goes back to the idle state.

In some cases, we deliberately made the agent “misunderstand”
the user’s prompt–i.e. an error case. For instance, it might misun-
derstand the destination intended for a prompt such as “Move this
box over here,” and highlight the wrong destination. In this case,
after the user finishes prompting the agent, the agent expresses an
erroneous signal (i.e. highlighting the wrong location). The user
then has four seconds to interrupt or correct the agent’s action by
pressing and holding the left trigger on the handheld controller,
prompting the agent to halt the incorrect action and perform the
correct one. If they do not notice the erroneous signal or do not
interrupt (i.e., press the left trigger within 4s), the agent moves
the system to an incorrect state (e.g. moving the box to the wrong
location). The user then needs to prompts the agent to move the
scene back a step. Now, they can reprompt the agent. If the user
does notice the erroroneous signal, and corrects the prompt, the
agent displays the correct signal before making the correct change
s to the scene 4s later. Such an interaction is illustrated in Figure 5.

We implemented three variations of the agent embodiment for
use in the study:
Avatar-only In this variation, the spatial cues are not shown dur-

ing the expressing state.
Spatial-only In this variation, the avatar is not displayed. The

icons are instead attached to a transparent canvas located
1m away from the user—akin to a heads-up display in AR
displays.

Full In this variation, both avatar and spatial cues are shown dur-
ing the expressing state.

4 Evaluating the Impact of Agent Embodiment

on Prompting Behaviour

We view situated prompting—where a user prompts a system agent
with actions/commands that relate to theworld that the user inhabits—
to be increasingly commonplace as voice agents gain capabilities
to understand their environment. Several works have begun to ex-
plore how prompting an agent that acts on the environment within

a VR context (e.g.[3, 18, 71]). Manesh et al.’s focus is closest to ours
here, as they study how the user prompts when they also inhabit
the scene while prompting [3].

Our interaction designwas focused onmaking it easier for people
to build common ground about the local environment with an
agent that they command. Based on common ground principles,
we designed an embodiment for the agent (so people could direct
their prompts to it), and multimodal signaling behaviours (for the
agent to convey its understanding to the user to establish their local
common ground).

This design led us to ask four questions that we aimed to address
in our study:

• RQ1: How does the agent’s multimodal signaling behaviors
affect user prompting?

• RQ2: Does multimodal signaling help prevent user errors?
• RQ3: How do users repair the interaction when the agent
misinterprets prompts?

• RQ4: How do users perceive the agent’s embodiment?

We conducted a study where participants prompted the agent to
realize various simulated environment edits in immersive VR (e.g.
Figure 6). In a within-subjects design, we compared three different
variations of our embodied agent against a baseline to understand
how each aspect of the design affected participants’ behaviours.
Participants would prompt the agent to edit the scene in some way
(e.g. to move an object to another location in the scene), the agent
would acknowledge this through signaling, and then after some
“processing time”, would enact the prompt. Notably, our protocol
simulated misinterpreting participant’s prompts during the study
procedure (30% of prompts were misinterpreted) to understand
whether grounding cues would help people identify and correct
AI misinterpretations. We paid attention to how participants inter-
acted with the agent, especially focusing on how they reacted to
AI misinterpretations.

4.1 Participants

We recruited 24 participants (average age: 24.75, age range: 19-31;
13 males, 11 females) through online posts and snowball sampling
at a local university. The majority of them were familiar with con-
versational agents such as ChatGPT. Most participants had little or
no experience with immersive virtual reality (16 indicated never to
almost never with VR experience; only 5 indicated they used VR
applications often). More information on our participants can be
found in Appendix A.

4.2 Apparatus

We designed and built a custom application and VR environments
for the study in Unity v2022.3.15f1. Participants performed the
tasks in a 4m×4m lab space, wearing a Meta Quest 3 headset and
holding handheld controllers. The experimenter used a custom web
application on a laptop computer to control the VR experience.

4.3 Study Design

As our aim was to study user behaviors, we adopted the Wizard
of Oz method. This was particularly important given that people
prompt in different ways (e.g. [3]). Our use of the Wizard of Oz
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Figure 4: The interaction flow from the Wizard’s perspective. (Top) In a typical case, the wizard steps after the participant’s

prompt, and the agent expresses multimodal signals for 4s before the scene changes to the next step. (Bottom) In an error case

(specified by the protocol), after the participant’s prompt, the agent expresses incorrect multimodal signals. If the participant

interjects or corrects the agent within 4s of this, then the agent expresses then expresses correct multimodal signals, and the

trial proceeds as normal. Otherwise, the participant needs to revert the system state, and then correct the agent with a prompt

(and, this second prompting will follow the “normal” flow).

Figure 5: An example of error correction. Here, the user asks

to move a box to Station B but the agent misinterprets the

instruction and signals it is going to move it to Station A

(subfigure A and B). The user catches this mistake and is-

sues a correction (subfigure C). The agent communicates the

corrected plan and eventually moves the box as instructed

(subfigure D and E).

method allowed us to control for how frequently and when “misin-
terpretations” of the participants’ prompts would occur during the
study protocol. In the study, participants prompted the agent with-
out any constraints, and an experimenter (the wizard) manually
triggered the multimodal signaling behaviour, followed by prede-
fined correct or incorrect environment changes. The study used
a within-subject design where participants experienced all four
conditions, with the order counterbalanced using a Latin square
design.

The study included four conditions:

Figure 6: We built four scenes for use in the main part of the

study. Above, we illustrate the "before" and "after" of Scene 4

from an isometric bird’s eye view. The remaining scenes can

be see in Appendix D.

Full The avatar appears along with both forms of multimodal
signaling behaviour (i.e. avatar’s head turns, and spatial cues
appear).

Avatar-Only The avatar appears with its multimodal signaling
behaviour (i.e. avatar’s head turns), but no spatial cues ap-
pear.

Spatial-Only There is no avatar. The agent signals through spa-
tial cues in the environment.

Control The agent does not present any embodiment, nor a
signal.

4.4 Task Design and Study Procedure

The study began with collecting information about participants’
demographics and their experience with conversational agents and
virtual reality. Participants then donned a head-mounted VR display
(Meta Quest 3) to complete a block of trials in the training scene.
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Then, participants completed a block of trials based on the condition
order specified by a balanced Latin square design. Within a block,
participants experienced a VR scene. We designed a total of four
scenes for the main study, in addition to a training scene. The scenes
were presented in fixed order.

Within a block, participants completed 10-11 trials. In each trial,
participants were introduced to the concept of a referent—a specific
goal or change to be made in the scene. The referent was presented
as a short 4s video they could view in world at any time to under-
stand what action was required. The referents used in the study
are detailed in Appendix D, and included tasks such as moving,
rotating, replicating, or deleting objects, as well as more complex
actions like manipulating multiple objects simultaneously. Partic-
ipants were asked to prompt the agent to enact the goal of the
referent, and could do so using voice alongside gesture and other
body movements. The agent would then express its understanding
through multimodal signals. After four seconds, the agent would
proceed with the step that was specified by the participant. This is
illustrated in Fig 4, top.

In three steps per scene, the agent would misinterpret the par-
ticipant’s intent (see Appendix D). As illustrated in Figure 4, in
conditions involving signaling (Full, Avatar-only, Spatial-only),
participants would then see an incorrect location, destination, or
object highlighted. If they intervened or corrected the agent within
4s, the agent would then signal the correct prompt. If they did not
intervene within four seconds, the agent would proceed with the
misinterpreted action. Participants could then need to revert the
state, and then correct or re-prompt the agent to achieve the correct
result. This flow is illustrated in Fig 4, bottom.

After each block, participants completed a questionnaire to as-
sess their perceptions of the agent’s performance and interaction
quality. The questionnaire consisted of eight items, asking partici-
pants to rate how well they felt the agent understood their prompt
and responded appropriately. These items are listed in Table 1.

At the end of the experimental blocks, participants were engaged
in a semi-structured interview to understand their subjective experi-
ences with the agent. We asked participants questions that focused
on their experience of the embodiment, as well as the signaling
techniques. We also sought to understand how they constructed
their prompts, and how the errors by the agent affected the way
they conceptualized the agent.

Although participants believed they were interacting with a fully
functional agent and system, it was actually controlled by a Wizard
of Oz setup. At the conclusion of the study, participants were de-
briefed about the true nature of the system and the deception about
the functionality of the agent, and given the option to withdraw
their data, though none chose to do so. The protocol was approved
by our Institutional Review Board.

4.5 Measures and Analysis

We recorded participants verbal utterances and other body move-
ments through both an external camera trained on the physical test
environment, as well as from the headset itself. While participants
had a button to press to indicate when they expected their speech
to be heard/interpreted by the agent, we recorded the entirety of

their verbal utterances throughout the session. Within our applica-
tion, we logged participants’ head positions and orientations as a
proxy for visual attention. We also logged when participants had
depressed the “talk” button. From the application, we also logged
program data—what participants could see in the moment, the
position of those objects and their orientations, as well as study
state.

We focused our coding of the experimental blocks on “error
steps,” where the agent nominally made errors. Specifically, we
focused on what happened during these steps—did participants
prevent the error? How did they try to repair the interaction with
the agent? And, if they were unable to prevent the error by the
agent, how did they rectify the situation with the agent?

We used Reflexive Thematic Analysis to analyze the interview
data [12]. Interviews were initially transcribed using OpenAI’s
Whisper API1 and then manually corrected by the second author.
Next, guided by our research questions and our interest in under-
standing the roles of the designed components on the interaction,
we coded interview transcripts without a pre-defined codebook.
These initial codes were used to generate themes which guided a
second round of coding.

5 Findings

We organize our findings into four subsections based on the re-
search questions we posed at the outset. In each, we integrate
findings from both the quantitative aspects of the study as well as
the data from our interview components.

5.1 Perception of Multimodal Signaling

Our design focused on providing two forms of signaling: the avatar
turning its head, and the spatial cues. The vast majority of our
tasks focused on completing tasks where there was a source and
destination (e.g. “Move the chair over there”); thus in a typical case,
the agent’s signaling behaviour would be to confirm the objects or
locations that the participant specified (where one was an object).

Multimodal Signaling behaviour helps people feel under-

stood. Participants discussed that signaling from the agent helped
them to feel more confident in what the agent was planning on
doing, as well as in their ability to formulate prompts for the agent.
P4 explains that the multimodal signals are valuable, “because I can
roughly tell what will change in the scene. It helps me to anticipate
what will change.” This resonates with P23’s explanation that, “I
can expect what its doing right now, or what we are doing in the next
steps.” Similarly, P17 describes the confidence they felt with signals,
“The highlights [the participant’s description of the spatial cue signals]
make the player more confident that the VR agent is understand-
ing their words or sentence in the right way.” Participants valued
feeling their prompts being understood, “I can feel that the robot
understands me... from this information, I know that ‘Oh! The robot
understands me.’ ” Overall, 10 participants discussed that signaling
from the agent made them feel more confident in interacting with
the agent.

The absence of multimodal signals made participants feel anx-
ious, and uncertain about how the agent interpreted their prompt.
P24 explains, that without visuals, “Without visual cues, ... it’s not

1https://platform.openai.com/docs/guides/speech-to-text
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giving me any visual indication that it knows what I’m doing, and
that makes me a little anxious.” Similarly, P12 explains that the
absence of the spatial cues, “we don’t have that sense of reassur-
ance that it understands me. It feels a bit like there’s a disconnect in
terms of communication.” The signaling behaviour, whether it was
via the spatial cues or the avatar’s head turning behaviour, helped
participants feel understood, and the absence of it was noticeable.

Spatial cues are specific and clear. Between the two mecha-
nisms that participants used, the spatial cues and the head turning
mechanisms had differential value. The spatial cues were seen as
functionally useful, since they enabled participants to confirm the
agent understood their prompt, and could anticipate whether it
would do the right thing. Half of the participants discussed that they
found the specificity of the spatial cues useful. P1 described, “When
I see the highlight, it was helpful, because it gives me the exact place.”
Similarly, P2 explained that with the spatial cues, “I can directly
see if the agent got the prompt correctly or not.” P24 described the
spatial cues as part of a feedback loop of communication, allowing
him to validate that the agent understood the instruction, as well as
for him to check what action the instruction would result in. This
would allow users to, as P16, suggests, head off the action of the
robot, allowing participants to predict/anticipate exactly what the
agent was planning on doing.

Head turning: an ambiguous acknowledgement. On the
other hand, participants found that the head turning signal was
less effective at helping them anticipate whether the system under-
stood them. For some participants, this was because the meaning
of the heading turning behaviour was ambiguous for them. P14
notes that “Because it follows your movement and it makes a lot of
head movements so you can’t tell which ones are meant to indicate
that it’s understanding of your command and which ones are just
it moving.” However, even once participants understood what the
head turning behaviour was indicating, they found that the head
turning provided less accurate feedback into what the behaviour is
referring to. P22 explains that “I see that bot has an eye to see the
objects, but sometimes you cannot precisely know what it actually
sees.”. This was particularly notable when an object was clustered
with other objects as P23 highlights, “The head can only look at one
direction, and that direction may contain multiple object. I don’t know
which one it refers to.” This overall preference towards spatial cues
was also illustrated in the questionnaire data (shown in Table 1)
where participants reported that they had a better understanding of
whether the agent understood them and could better anticipate the
agents actions in conditions with spatial cues than in conditions
without.

Despite this, participants did find reassurance in the head turning
behaviour and the avatar in general. While more ambiguous than
the spatial cues, the head turning behaviour did still provide insight
into whether the agent understood the participant. For instance,
P9 felt that the head turning helped them “know that the robot
got my meaning.” Similarly, P18 explains, “When I look at some
object, the bot head also looks at some object, so I think it follows my
gesture.” While the avatar did not follow participants’ gestures, it
is interesting that the turning behaviour was perceived this way.
In addition, the avatar provided a sense that there was someone
listening to them as they prompted the agent. We will discuss this

sense of companionship that the avatar to participants provided
further in Section 5.4.

In reflecting on the head turning signaling behaviour, partici-
pants pointed out that because the avatar was separated from the
workspace itself, it could be hard to see the avatar, particularly what
it was pointing at. P17 and P22 both explained that their focus was
not on the avatar, but rather the workspace, so it was easy to miss
what the avatar was doing. Instead, P17, P12 and P13 suggested that
perhaps the avatar could float near the objects being talked about.
P13: “If the agent can float towards the object, and then stand right
[above] it,” this would give the clearest indication that it understood,
since the reference would be to the workspace itself.

Multimodal Signaling to understand the agent’s thinking

process and plan. Participants found the signaling behaviour use-
ful as it gave insight into what the agent was planning to do. These
expressions of confidence in the signal are manifest in questionnaire
responses. As illustrated in Table 1, participants were more confi-
dent in the agent in conditions where the agent had multimodal
signal capabilities. 22/24 participants ranked either the Spatial-
Only or the Full the highest when asked about their preference
on conditions during the semi-structured interviews.

Nevertheless, participants wanted even more clarity into what
the agent’s thinking process and plans. P15 suggested that this
began with ensuring that she was heard properly by the agent, sug-
gesting that it would be valuable to see the result of the voice-to-text
from her verbal instructions. This could also be at the level of how
the agent would be responding to the prompt, where P22 suggested
showing arrows that would explain the planned trajectory. Several
participants suggested also using the audio modality for this type of
confirmation. P5 explains the value of being able to see the entirety
of the agent’s plans, “I want to know what the agent is thinking, so
rather than be a black box, where I don’t know what it is thinking,”
because then he could diagnose why it would make the mistakes
that it did. Finally, P24 expected that such agents should be able to
extrapolate prompts for the entire scene to multiple actions, and
in this case, should pre-visualize the result of those actions for the
user to see.

5.2 Error Prevention

Participants were able to use multimodal signals to prevent errors.
Recall that in each block, three prompts were known to be misin-
terpreted incorrectly by the agent. In these cases, if the agent had
signal capability, it would signal its (incorrect) interpretation of
the prompt. If participants pointed out to the agent that something
needed to be fixed within the 4s signal timeframe, then these would
have been labeled as “error prevented” instances. Out of the 216
error trials2, participants were able to prevent the agent error 73
times (33.8% correction rate).

How Participants Prevented Errors.We coded for how par-
ticipants interjected with the agent to indicate there was an error in
interpreting their prompt. We classified these based on participants’
utterances, and found three types of interjections from participants:
Expressive vocalizations (E) These utterances reflect the speaker’s

emotional reactions or evaluations in response to the agent’s
signaling behaviour. These utterances are not directly part

224 participants × 3 experimental conditions × 3 error trials
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Questions Full Avatar-Only Spatial-Only Control

I am able to know if the agent understood what I meant. 5.0**(0) 4.0(2.0) 5.0*(1.0) 3.0(3.0)
I can anticipate if the agent will do the right thing. 5.0**(0) 4.0*(1.0) 5.0**(1.0) 3.0(2.0)
The agent shows understanding of my prompt. 5.0*(1.0) 4.0(1.0) 5.0*(1.0) 4.0(1.0)
I am able to make sense of what the agent is doing. 5.0**(0) 4.0(2.0) 5.0**(1.0) 3.0(2.0)
It is easy to understand how the agent interprets my prompt. 5.0**(1.0) 4.0(2.0) 5.0**(1.0) 3.0(2.0)
I feel a human can understand me as well as the agent did. 5.0(1.0) 5.0(2.0) 4.0(1.0) 4.0(2.0)
The agent is good at dealing with the mistakes of my prompt. 5.0(1.0) 4.0(1.0) 5.0*(1.0) 4.0(2.0)
The agent understands well of what I am saying. 4.0(1.0) 4.0(1.0) 4.0(1.0) 4.0(1.0)

Table 1: The medians and IQRs of participants’ responses to questionnaire items on a five point Likert Scale (5=strongly agree;

1=strongly disagree). * denotes that in post-hoc pairwise comparison, the responses of that condition are significantly higher

than Control (p<0.05 with Bonferroni correction). ** denotes that the responses of that condition are significantly higher than

both Control and Avatar-Only.

of the main communicative content, like commands. Some-
times, participants held the talk button when they said these
things, other times, they did not. For instance, participants
might say, “Oh!” as if they were surprised, or “Uh, no no...”
(as if to themselves, or maybe the agent), or, “Oh, uh, okay...”.
Excerpt 1 illustrates an example of P14 reactivity vocalizing
in respond to the wrong spatial cues appearing.
P14: You can move this chair to the back of
the room and centralised

« Spatial cues appear »
P14: Oh no that’s wrong

« Agent signaling behaviour is cancelled »
P14: Move this chair to the back over there

« Corrected signaling behaviour begins »
Excerpt 1. P14 (Scene 1, Step 4) uses an Expressive Vocalization
to interject.

In some cases, participant simply vocalized their reactions
without using the talk buttons and thus despite noticing the
error did not cancel the erroneous behaviour as seen the
following excerpt with P24.
P24: Ho ho okay
P24: Shift this table *points to the table*
P24: to touch this table *points to other
table »

« Incorrect spatial cues appear »
P24: *While not holding the talk button*
Okay Boy. Wrong lah boy. Come on ah!

« Agent executes the wrong action »
P24: Undo

« Agent resets to previous state »
P24: Move that table with the books here »

« Corrected spatial cues appears »
Excerpt 2. P24 (Scene 1, Step 5) interjects with an Expressive
Vocalization without prompting the agent.

Stop Commands (S) These utteranceswere intended as commands
for the system to stop the current flow and/or to back-up to
a previous step in the interaction. This is evidenced by their

usually pressing and holding the talk button as they spoke.
Excerpt 3 illustrates an instance of this approach, where P24
issues a command to the agent to move to the previous step.

P24: Delete that chair *points at a chair*
« Incorrect spatial cues appear »

P24: Eh? Sorry, undo
« Spatial cues stop »

P24: Delete that chair *points at the chair
again*

« Corrected spatial cues appear »
Excerpt 3. P24 (Scene 1, Step 7) uses a Stop Command to pre-
vent the agent from making an incorrect action.

In other cases, participants simply asked the agent to stop
their current actions as seen in Excerpt 4 with P15.

P15: Turn this firetruck 180 degrees * points
at firetruck *

« Spatial cues appear »
« Bot head begins looking at targets »

P15: Cancel prompt
« System signaling behaviour is cancelled »

P15: Turn this firetruck 180 degrees * points
at firetruck again*

« Corrected signaling behaviour begins »
Excerpt 4. P15 (Scene 4, Step 3) uses a Stop Command to pre-
vent the agent from making an incorrect action.

Interruption (I) Finally, some participants simply “interrupted”
by repeating their original prompt, a revised prompt, or
by providing additional information. The manner in which
these corrections were constructed are the focus of the next
subsection.

Table 2 shows the frequency of these interjection types that pre-
vented an error. Each interjection type is different in whether it
is meant to address the agent (Stop Commands and Interruptions
address the agent, whereas Expressive Vocalizations do not neces-
sarily address the agent), and how it addresses the agent (Expressive
Vocalizations and Stop Commands are intended to signal to the
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Figure 7: Interjections types per participant. (E)xpressive

vocalizations, (S)top commands, and (I)nterruptions. Con-

trol blocks (no error prevention possible); Avatar-only

blocks. Trials where the user prevented an error.

Expressive Vocalization Stop Command Interruption

25 25 23
Table 2: The count of interjections that prevented an error.

agent that something is amiss, whereas the Interruption type is
essentially repeating or revising the original instruction).

Multimodal Signaling Behaviour and Error Prevention.

Figure 7 provides the full coding of these interjections across all
participants, as well as whether the participants were able to pre-
vent an error. Table 3 summarizes the number of errors prevented
based on condition. We see here that for most participants, they
were able to use the signaling behaviours to correct the agent. A
Friedman test showed a significant difference between conditions
(𝜒2 = 22.4, 𝑝 < 0.001). In blocks where the spatial cues were present
(Spatial-Only and Full), participants were able to do this signifi-
cantly more frequently, as shown by post-hoc Wilcoxon Rank Sum
tests with Bonferroni correction (𝑍 = 0.0, 𝑝 < 0.001 for Avatar-
Only vs Spatial-Only, and 𝑍 = 0.0, 𝑝 < 0.001 for Avatar-Only vs
Full). Consistent with participants’ reflections on the value of the

head-turning behaviour, we did not observe a single instance where
participants were able to prevent an error in the Avatar-Only.

Condition Errors Prevented
Avatar-Only 0
Spatial-Only 37
Full 38

Table 3: Summary of errors prevented across conditions.

This result gives strong evidence that users can use signaling
behaviours to prevent errors. Yet, the design of these signaling
behaviours—i.e. whether they are salient, and meaningfully linked
to the effects in the environment—has an impact on this, since it
is clear that in the Avatar-Only (where the backchanneling be-
haviour was only head turns), participants were not able to prevent
any errors.

5.3 Error Correction

When the agent did make errors in interpreting the participant’s
prompt, we were interested in how participants attempted to repair
the interaction—that is, to repair the shared, understood meaning
of the prompt. We coded for how participants repaired the agent’s
interpretation based on participants’ utterances. We observed four
classes of repair utterances from participants:
Repeat (R) Participants would repeat the prompt (word for word).
Repeat with Emphasis (E) Participantswould repeated the prompt,

but with some emphasis on a particular word or phrase. This
was sometimes accompanied by an additional gesture or
bodily movement.
P3: "Remove this chair" ⇒ "Remove THIS chair,
this one."
Excerpt 2. P3 (Scene 1, Step 7) repeats the prompt with em-
phasis.

P9: "Move the grey building to the right of the
yellow building." ⇒ "Move the grey building
to the RIGHT of the yellow building."
Excerpt 3. P9 (Scene 4, Step 8) repeats the prompt with em-
phasis.

Repeat with More information (M) Participants would repeat
the prompt, but add additional information— disambiguating
information.
P14: "Rotate the chair so it is facing that
direction." ⇒ "Turn this chair, in front of
the table, rotate it so it is facing that
direction."
Excerpt 4. P14 (Scene 3, Step 2) repeats the prompt with more
information.

P20: "Move the black table to next to this
table." ⇒ "Move the black table, over there
(pointing), to next to this table."
Excerpt 5. P20 (Scene 1, Step 5) repeats the prompt with more
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Repeat Repeat with Emphasis Repeat with More information Continuation

52 93 74 69

Table 4: Frequency of different repair strategies.

information and an additional gesture.

Continuation (C) Participants’ utterances were a response to the
agent’s signaling within the context of what the participant
had already said. These were usually in a short form that
added additional or clarifying information.
P10: "Put this pot on the table there." ⇒
"Table, put it on the table."
Excerpt 6. P10 (Scene 3, Step 9) follows up the original prompt
with a continuation that relies on the context of the interaction
to interpret.

P24: “Move this car along the lane.” ⇒ "The
blue car, not the black car."
Excerpt 7. P24 (Scene 4, Step 10) uses a follow up that relies
on the context of the interaction to interpret.

Table 4 shows a summary of the frequency of these repair utter-
ances, while Appendix C provides a full coding of these instances.

How participants engaged in error correction suggests different
ways in which participants inferred the error occurred, and their
attempts to ameliorate the error. Some participants determined that
in some cases, the error was because of the agent—perhaps that
it had not heard them correctly, or that there was an error in the
processing. In these cases, participants felt that simply repeating
their prompt was sufficient, and found that this worked (Repeat
strategy, 52/288 = 18.0%).

More frequently, participant felt that the source of the error was
their ability to communicate their prompt clearly. For instance, P6
believed that some of the mistakes was because their prompts were
not clear enough, ”Because sometimes I only use like this or that
or like not a specific position. Or sometimes it mistakes between a
few objects or between a few colors.”. In other cases, participants felt
that it was because their gestures were inaccurate or vague. For
example, P15 observed that at some points, the agent would be less
accurate because they thought their hand gestures became sloppy.
In these cases, participant thought that if they were more precises
in both their spoken and gestured prompts, the agent would exhibit
the correct behaviour. However, some participants pushed back on
this notion. P5 and P24 argued that ambiguity is a natural part of
communication and that dialog is important. As P5 explains,

“They also need a lot of explanation to understand what
is going on in your head, like the ideas that you have in
your head. That’s whywe spend somuch time communi-
cating. And like humans, there are miscommunications
as well. So why would you expect a bot to be able to
read your mind?”

To resolve these ambiguities in their prompts, participants would
try to clarify their intention. Repeat with emphasis was used as
a strategy to emphasizing the particular idea or concept that was

misunderstood, even when the rest of the prompt was understood
(Emphasis strategy, 93/288 = 32.3%). The emphasis (typically a word
spokenmore loudly or slowly) could help an interlocutor reinterpret
the prompt while focusing attention. Similarly, adding additional
information (M) could help resolve these challenges (repeating with
More information strategy, 74/288 = 25.7%).

The continuation strategy relied on the participant and agent
having a shared understanding of the context of the interaction
(Continuation strategy, 69/288 = 24.0%). In this case, the context
(or local grounding) consisted of the participants’ original prompt,
and also the agent’s signals (nominally, how it interpreted the
participants’ original prompt). That participants used this strategy
relates to Zipf’s principle of least effort, where speakers use as
few words to unambiguously clarify/communicate an idea [72].
This strategy was common, appearing in over 24% of cases where
participants corrected the agent.

In each of these strategies, the knowledge about how the agent
interpreted their prompt, gained either through multimodal signal
communication or through the agent’s execution of the prompt,
played an important role in how participants structured their re-
pairs. Critically, and particularly evident in the use of the Con-
tinuation and the Emphasis strategies, the repair utterances that
participants subsequently constructed show that participants ex-
pected that both they and the agent shared some local context—i.e.
the previously spoken prompt, and what the agent had done so far
(either show signals or completed an action). And, in making the
subsequent repair statements, they aimed to repair just what had
been misunderstood.

5.4 Role of Embodiment

While many participants did not find the avatar itself functionally
useful, many found the “companionship” that the avatar provided
reassuring. P1 suggests that the presence of the avatar, and how
it behaved, “gives me a feeling he’s watching me or something, a
warm feeling.” The movement of the avatar, where it follows the
participant around, contributed to this feeling. P6 explained, “I re-
ally like where the bot follows me, and follows where I’m looking
at.” P7 described this feeling as being, “I think it’s more a psycho-
logical thing, like an assistant beside me, not just outside my sight.”
These sentiments are echoed by other participants, who enjoyed
the presence of the avatar over conditions where the avatar was
not present. “In [the experimental blocks without the avatar] it feels
like I’m just talking to myself. The ones with the bot heads are a bit
better.” P3 agrees, “I feel like someone’s accompanying me... I can
talk with him or it.”. Overall, 9 out of 24 participants noted feeling a
sense of companionship with the avatar.

The avatar thus provided a social function, where participants
felt like they were communicating with an entity that would listen
to them. P5 explains that, because the avatar follows him, “I know
that it is actively listening. Without the bot head, we don’t know that
he’s listening.” Similarly, P12 describes the feeling, “The visible agent
gives a reassurance that the agent is listening. Without the the agent
visible, it feels like the system is just loading, and I’m not sure whether
the system is listening.” P20 describes the feeling as “communicating
with someone, but not with a virtual system.” This suggests that
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its behaviour provided a sort of feeling of presence, even if the
functional value of the avatar was not high in of itself.

Not all participants enjoyed the feeling of that presence. P1
likened having the avatar to being watched by a menacing creature,
and would have preferred a cuter representation. P4 and P15 echoed
these sentiments, but also suggested that another representation
would have resolved the discomfort.

Overall, participants preferred the embodiment over the absence
of an embodiment. Our questionnaire data showed that 75% (18 out
of 24) participants preferred the embodiment (the Avatar-Only)
compared to its absence (the Control). This was also confirmed
during the semi-structured interviews where the same number of
participants (18 out of 24) preferred the Avatar-only over Con-
trol. A full table describing participants’ preference rankings can
be found in Appendix B.

6 Discussion

Our findings provide opportunity to discuss how prompting ought
to work in situated contexts—particularly if users prompt verbally.
We first summarize the major findings from our study, which high-
light the value of both embodiment and multimodal signaling to
support users. Next, we discuss how interaction designers and
researchers should consider designing multimodal signaling be-
haviour moving forward.

6.1 Summary of Findings

Our findings show that within the context of our study, participants
were supported in their prompting by both the embodiment and the
multimodal signaling behaviours of the agent. In terms of the em-
bodiment, participants generally felt more comfortable prompting
to an agent over prompting without an avatar. Participants directed
their prompts toward the avatar, and looked toward it to see if the
agent was listening or understood their prompts. In this sense, it
functioned as a social companion.

The agent’s use of spatial cues for multimodal signaling, how-
ever, were important for participants as a means to understand
what the agent was planning. We saw that many participants were
able to use the cues as a form of visibility into how the agent un-
derstood their prompt. This gave them confidence in their ability
to prompt, and in the agent’s ability to understand their prompts.
Thus, the multimodal signaling was valuable to participants in
feeling confident interacting with the agent.

Our findings further revealed that multimodal signaling is useful
in error prevention. By leveraging the agent’s multimodal signals,
participants could identify potential misinterpretations in real time.
User interventions to prevent errors were categorized into three
types: Expressive Vocalizations, Stop Commands, and Interruptions.
Among these, spatial cues were more effective in error prevention
compared to head turns.

When errors occurred, participants employed different strategies
to repair the interaction, including repeating their original prompts
verbatim, emphasizing specific components of their prompts, pro-
viding additional clarifying information, and offering contextual
continuations. These repair strategies reflected the source of the
error that participants inferred. Notably, offering contextual contin-
uations to repair highlighted that participants expected the agent

has a sharing contextual understanding of the interaction. This
shared context allowed participants to address specific points of
misunderstanding without needing to restate their entire prompt,
thereby reinforcing the interaction’s efficiency and intuitiveness.

6.2 Multimodal Signaling and Models of

Conversation

In our work, we applied basic principles of common ground theory,
which points to the importance of the multimodal signals as a
way of helping the speaker feel confident that their statements
are being understood (or at least, to provide a window into how
their statements are being interpreted). Building on prior work that
demonstrates the value and importance of the gaze of an agent
for signaling intention and interest (e.g. [13, 46]), we demonstrate
that such multimodal signals are also useful to help speakers to
detect breakdowns in interpretation. Furthermore, we showed that
they can use these signals to build a local common ground with
the agent—useful for feeling confident in cases where interaction
worked well, and also useful to structure repair behaviours.

While this study was set in a virtual environment, we believe
the insights could similarly inform the communication behaviors
of physical robots, supporting the value of robots signaling their
internal states through gaze as well as augmented-reality-based
highlights [64, 66].

Our study suggests that voice-based human-agent interactions
should do more than operate with a turn-based approach. Human-
human conversation rarely take the form of the well structured
sentences in proper turn that is common in agent-based prompting.
Rather, it is common for speakers to repair their sentences mid-
turn in response to both their own understanding of the common
ground of the conversation, and listeners responses through the
multimodal signal [17]. Even beyond the multimodal signal, listen-
ers may interject into a speaker’s turn in order to initiate repair
before the utterance is completed [42].

Our design is a limited exploration of these complex repair struc-
tures in human-human conversation. We only provided a delayed
signal feedback at single point to an instruction, and relied on a lim-
ited space of nonverbal communication mechanisms. Nevertheless,
our findings suggests that even this limited space of multimodal
communications can help participants interact more fluidly with an
agent: determining whether and when a breakdown had occurred,
and, they utilized strategies of emphasis and continuation which
demonstrated that they assumed construction of a common ground
with the agent, rather than instructing the agent from an initial
state each time.

An even more effective agent responding to a user’s voice in-
structions could provide this signal throughout the user’s voice
prompt—thereby providing a user with confidence that each part
of their utterance was being understood. And, when a breakdown
does occur, a user could be be more specific about what in their
prompt caused the breakdown to occur. This would more closely
approximate the continuous communication that human listener
provides to a speaker through body language, nonverbal utterances
[65] and small verbal turn breaks [62]. We demonstrated in our
study that this multimodal signal can be used in cases where the
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agent is confident in its interpretation, as well as (in principle) when
it is uncertain (as in the error cases).

6.3 Designing Multimodal Signal Production

We consider multimodal signaling an important way for the agent
to communicate its understanding of the user’s intentions. Yet,
how to design for more complex multimodal signaling remains
a challenging design question. As our own explorations showed,
even though the avatar exhibited gaze information (head turning)
behaviour to participants, participants were unable to interpret the
head turns in time to prevent errors. It is unclear whether this is
because the avatar design was too simple, or too small, or because
the avatar’s behaviour was difficult to understand. And furthermore,
effective design of signaling may not ultimately prevent all errors;
however, as we saw, even with a modest design effort, it can help.

Another opportunity could be to consider different forms of
visual spatial cues beyond the avatar. In the context of the study,
participants suggested the use of arrows to depict where an object
was understood to be moved, or for objects to be highlighted.

While we relied on visuals to present signaling information, we
could also use other modalities. In everyday speech, for instance,
we use non-lexical utterances (e.g. grunts, ’uh-huh’, etc.) as ways to
indicate that we understand the speaker or are uncertain of their in-
tention [65]. An agent could use a similar kind of auditory approach
to indicate whether an utterance is understood without necessar-
ily interrupting the speaker. This approach could complement the
more concrete visual ways that we present the signal right now.

Furthermore, multiple forms of multimodal signaling could sup-
port one another, where non-lexical utterances acknowledge the
user’s prompt, and the visual channels communicate exactly how
the agent understood the prompt. Further work is needed to under-
stand how different forms of signaling complement each other, as
well as how much multimodal information is too much for users.

One limitation in our exploration of multimodal signaling is that
the tasks that we asked participants to prompt the agent with were
concrete and relatively simple. With more complex tasks, or ideas
that are more abstract, it will be far more challenging to design
multimodal signaling appropriately. For instance, if the prompt was
more abstract (e.g. “Tidy up the room”), there may be many possible
ways to fulfill the request (a five year old’s mother might have a
different interpretation than the five year old). Since the clean up
could be fulfilled in any number of ways (and to varying levels of
completeness), it is unclear whether the user needs the action to be
fulfilled in a particular way, or just that the abstract form of “tidy”
is sufficient. In such cases, it may be more effective to represent
uncertainty through the signal, which would encourage the user
to either continue their prompt, or to try to provide additional
clarification.

6.4 Opportunities for Interaction Design

Designing for voice interaction vs conversational interac-

tion. As designers, we need to fundamentally distinguish between
an interface that supports voice interaction versus conversational
interaction. Voice interaction simply means that users can issue
commands and instructions verbally. On the other hand, if we are
to support conversational interaction, this means that we need to

enable the low-level communication mechanics that people use as
part of conversation. Multimodal signaling is an important way that
interlocutors together create and support local ground that enables
both parties to have a shared understanding of the conversational
state. One unique aspect of speaking is that is a performance is
done a word at a time. In principle, we can interpret a user’s utter-
ances a word at a time as the words are produced, slowly building
a model of the user’s intention. The reflection of this model back
to users is essentially multimodal signaling. If an agent is limited
to audio output, then it may be suitable to express its certainty
about what the user is expression (e.g. via non-lexical speech such
as grunts of acknowledgement or uncertainty). On the other hand,
as we illustrated in this work, it may be possible to express this
understanding with other (in our case visual) modalities.

We already have at least one model of this in the form of "auto-
complete" features for text-based interfaces. For instance, the search
bar of popular search engines provide possible continuations of a
user’s query, often providing a drop-down of several possible con-
tinuations. These function as a sort of expression of the prediction
agent’s understanding of the user’s intended query (to this point).
In this case, the drop-down of possibilities is essentially asking the
user to clarify between the possible continuations (i.e. by either
continuing to type, or by selecting a useful continuation).

Designing for multimodal signaling with social robotics.

For robotic agents in the physical world, we have already seen
that such agents can use “head” orientation, gaze and gesture as
part of their communicative effort [2, 6, 26]. Yet, to our knowledge,
these modalities typically use gaze and gesture to communicate
something to the user explicitly. It would be fruitful to explore how
gaze and gesture could be used to express the agent’s understanding
of a user’s communicative prompt, much as we have done in this
work.

Yet, relying strictly on human-like ways of multimodal signaling
may be unnecessarily limiting. As we showed in this work and prior
research in robot design suggested [23], it is possible to use other
designs that are not human-like. Equipping robots with AR and
projection displays, for instance, is not entirely novel [64]; however,
the point would be to use it here to express the robotic agent’s
understanding of the user’s intentions. Such an approach would
allow the user to understand the robot’s plans, and the depth of its
understanding of human intentions.

Multimodal signal detection by the agent: Toward Em-

pathic agents.While this discussion has focused on the production
of signaling by the agent, would could also consider agents that
observe and listen for multimodal signaling behaviours from users.
Such agents could use these observations to determine whether
words or concepts being produced or spoken are being interpreted
properly by the user, and if not, they might be able to repair the
interaction without being prompted again. Such multimodal signal-
ing might come in the form of subtle changes in facial expression,
which may express uncertainty or confusion [11, 49], or other more
subtle cues [40, 53]. Agents that were able to detect these forms of
signaling, and use them as part of their communication with users
would be perceived as more empathetic and effective at understand-
ing the user’s intentions.
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6.5 Limitations and Future Works

This study employed a controlled Wizard of Oz experiment. The
controlled setting allowed us to systematically compare partici-
pant interactions with the embodied agent under different mul-
timodal signaling conditions, yielding valuable insights into the
effectiveness of various design features. However, the reliance on
a pre-scripted experimental protocol limited the realism and gen-
eralizability of our findings. For instance, it is not entirely natural
for participants to watch a video and then recreate the virtual
scene based on predefined tasks. This setup may not fully capture
the complexities of real-world interactions with AI agents. Future
research should employ more advanced AI models capable of dy-
namic, real-time interactions, enabling users to explore scenarios
beyond predefined actions. Such studies would also allow for an
investigation of the long-term effects of using embodied agents in
naturalistic environments.

Another limitation of this study lies in the demographic com-
position of the participant sample. The majority of participants
were university-affiliated young adults: future work should aim
to diversify the participant pool to ensure generalizability of the
findings. Future studies may explore the interaction between em-
bodied agent and participants from diverse age groups, and explore
how universal multimodal signaling and embodiment behavioural
expectations are in respect to different cultural backgrounds, and
linguistic communities.

Additionally, the relatively small sample size of this study (24
participants) may limit the robustness of the conclusions drawn.
While the qualitative insights and controlled comparisons provide
valuable initial evidence, future work could employ larger sam-
ple sizes to validate the observed effects and uncover potentially
overlooked nuances in user-agent interactions.

7 Conclusions

This work considers how the design of a VR agent’s embodiment
and multimodal behaviours affects how people prompt and interact
with it. Through a Wizard of Oz study, we found that participants
felt more comfortable verbally prompting an embodied agent. Fur-
thermore, we found that with appropriate multimodal signal design,
users could prevent misinterpretation errors by the agent. The sub-
sequent prompt repair behaviour that we observed showed that
users expected the agent to have an understanding of their previ-
ous prompt—essentially, a shared context for the interaction. These
findings can help inform the design of future AI systems involving
real-time communication with users. Through proper signaling
design, we can have embodied agents that are more human-like,
transparent, and potentially more trustworthy. These capabilities
could be particularly relevant for domains where stronger rapport
matters (e.g. virtual classrooms [35], counseling [61], and perfor-
mance [36]), or where effective coordination between human-agent
teams underpins task success (e.g. with assistive robots [8]). They
show that another way to realize the adage “reduce errors” [48] is
to help the user to feel like they can build common ground with
the AI agent, and that one way to do this is to allow the agent to
express its understanding via multimodal signals.

Based on this work, we recommend designers and researchers
consider how to design for truly conversational interaction, where

the computing agent understands and can make use of conversa-
tional mechanics (e.g. multimodal signaling) as part of its commu-
nicative repertoire. Such an approach should help users feel that
their interactions and prompts are heard and understood by the
agent, and help prevent errors and surprises.
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A Participants

We recruited 24 participants. Detailed information about the partic-
ipants is found in Table 5.

ID Gender Age Previous VR Experience Condition Order

P1 M 25 Almost never Control · Avatar-Only · Spatial-Only · Full
P2 M 21 Almost never Control · Avatar-Only · Full · Spatial-Only
P3 M 26 Almost never Control · Full · Avatar-Only · Spatial-Only
P4 M 21 Almost never Control · Spatial-Only · Avatar-Only · Full
P5 F 24 Often Control · Spatial-Only · Full · Avatar-Only
P6 F 26 Never Control · Full · Spatial-Only · Avatar-Only
P7 F 24 Never Avatar-Only · Control · Spatial-Only · Full
P8 M 23 Never Avatar-Only · Control · Full · Spatial-Only
P9 F 21 Often Avatar-Only · Full · Control · Spatial-Only
P10 M 24 Often Avatar-Only · Full · Spatial-Only · Control
P11 F 20 Sometimes Avatar-Only · Spatial-Only · Full · Control
P12 M 23 Never Avatar-Only · Spatial-Only · Control · Full
P13 M 24 Never Spatial-Only · Avatar-Only · Full · Control
P14 F 19 Almost never Spatial-Only · Avatar-Only · Control · Full
P15 M 23 Almost never Spatial-Only · Control · Avatar-Only · Full
P16 F 21 Sometimes Spatial-Only · Control · Full · Avatar-Only
P17 M 26 Almost never Spatial-Only · Full · Avatar-Only · Control
P18 F 28 Almost never Spatial-Only · Full · Control · Avatar-Only
P19 F 26 Never Full · Avatar-Only · Spatial-Only · Control
P20 M 31 Almost never Full · Avatar-Only · Control · Spatial-Only
P21 F 29 Never Full · Control · Avatar-Only · Spatial-Only
P22 F 22 Often Full · Control · Spatial-Only · Avatar-Only
P23 M 29 Sometimes Full · Spatial-Only · Avatar-Only · Control
P24 M 28 Often Full · Spatial-Only · Control · Avatar-Only

Table 5: Participant data and condition order.

B Condition Preference Ranking

We asked participants to rank their preference in study conditions.
This ranking is shown in Table 6

C Repair Coding

We coded how participants repaired the interaction when the agent
made or expressed an error in its understanding of the participant’s
prompt. This coding is show in Figure 8.

Condition Preferance Ranking

(Left To Right, Most Preferred to Least)

P1 Full Spatial-Only Avatar-Only Control
P2 Spatial-Only Full Avatar-Only Control
P3 Full Spatial-Only Avatar-Only Control
P4 Spatial-Only Full Avatar-Only Control
P5 Full Spatial-Only Avatar-Only Control
P6 Full Spatial-Only Avatar-Only Control
P7 Full Spatial-Only Avatar-Only Control
P8 Spatial-Only Full Control Avatar-Only
P9 Spatial-Only Full Avatar-Only Control
P10 Both Spatial-Only or Avatar-Only Control
P11 None Avatar-Only Spatial-Only Full
P12 Full Spatial-Only Avatar-Only Control
P13 Full Spatial-Only Control Avatar-Only
P14 Spatial-Only Full Control Avatar-Only
P15 Spatial-Only Full Avatar-Only Control
P16 Full Spatial-Only Avatar-Only Control
P17 Spatial Conditions Non-Spatial Conditions
P18 Full Spatial-Only Avatar-Only Control
P19 Control All Other Conditions
P20 Full Spatial-Only Avatar-Only Control
P21 Spatial-Only Full Avatar-Only Control
P22 Spatial-Only Full Avatar-Only Control
P23 Full Spatial-Only Avatar-Only Control
P24 Full Spatial-Only Avatar-Only Control

Table 6: Participant’s Ranking of Conditions by Overall Pref-

erence.
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Figure 8: Repair utterances per participant. (R)epeat ; Re-

peat with (E)mphasis ; Repeat with (M)ore information ;

and (C)ontinuation .

D Referents in Elicitation Study

We created a total of 48 referents across 5 different scenes (including
the training scene) for the elicitation study. Each scene consists of
10-11 steps, which includes tasks like moving, creating, modifying
and removing objects. There are also three steps per scene where
the systemmisinterpret the participant’s intent. These are described
in Table 7 and Table 8.

E Referents Used in the Study

While these referents were presented to participants as short video
clips (typically 4s), we reproduce the "final" frame of these referent
videos to show how the participants perceived their task. For clarity,
we have changed the floor texture in the reference images.
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(a) Step 0: The box shifts from the left side

of the door to the right side.

(b) Step 1: The box levitates about 1m above

the ground.

(c) Step 2: A sphere is created in front of the

box.

(d) Step 3: The sphere becomes twice its size.

(e) Step 4: The sphere copied and placed to

the left side of the room.

(f) Step 5: The sphere has a black and white

checkered pattern.

Figure 9: Referent images of each step in the training scene (Scene 0).
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Figure 10: Referent images of each step in the Living Room scene (Scene 1).
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Figure 11: Referent images of each step in the Bedroom scene (Scene 2).
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Figure 12: Referent images of each step in the Study Room scene (Scene 3).



Prompting an Embodied AI Agent: How Embodiment and Multimodal Signaling Affects Prompting Behaviour CHI ’25, April 26–May 01, 2025, Yokohama, Japan

Figure 13: Referent images of each step in the Toy Cars scene (Scene 4).
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